Los productos que proveen estimaciones de lluvia derivadas de satélites son útiles para el monitoreo tanto ambiental como de sequías, y permiten además afrontar el problema de las observaciones derivadas de estaciones pluviométricas mal distribuidas, siempre y cuando su precisión sea conocida. Venezuela es altamente vulnerable a eventos climáticos extremos como sequías extensivas y crecientes rápidas, por lo tanto conocer las debilidades y fortalezas de las estimaciones de lluvias derivadas de satélites resulta útil para la planificación de los recursos hídricos. Las estimaciones mensuales de lluvia derivadas del producto Climate Hazards Group InfraRed Precipitation with Stations (CHIRPS v.2) son contrastadas con los registros proveniente de estaciones climáticas , empleando métricas numéricas para evaluar su desempeño en la estimación de la cantidad de lluvia, y métricas categóricas para evaluar su capacidad de detección de eventos de lluvia. Los análisis aplicados consideran diferentes categorías de lluvia, la estacionalidad y el contexto espacial. Los resultados muestran que el producto CHIRPS v.2 sobreestima (subestima) los valores más bajos (altos) de lluvia, aunque en la mayoría de las métricas de habilidad muestra un buen desempeño. Este producto consigue un mejor desempeño durante la estación lluviosa (abril-septiembre), pero sobreestima significativamente la frecuencia de los eventos de lluvias. También muestra mejor desempeño global en regiones planas abiertas (p. ej., Los Llanos), donde la precipitación es influida por la actividad de la zona de convergencia intertropical y los sistemas convectivos locales.
Introduction
Venezuela is a tropical country located in northern South America with a total area of 916 445 km 2 ; about 96% of this area is land. Although most of Venezuelan economy is based on the petroleum market, about 25% of the Venezuelan land area is dedicated to rain-fed farming (Betancourt, 2001; Weyland, 2002) . Rain-fed agriculture is the dominant farming system in the Central Plains of Venezuela. This region also contains the largest reservoirs in the country, which supply water to the biggest and industrialized cities, which are located mainly in the northern region (Berroterán and Zinck, 2000; Sanso and Guenni, 2000; Mora and Rojas, 2007; Paredes et al., 2014) .
The Caroni river hydropower reservoirs system (known as the Guri dam) is the most important energy source nationwide. Situated in the southeast region, it provides nearly 70% of the national hydropower demand (Bartle, 2002; Bautista, 2012) . Both the central and southeast regions are characterized by high rainfall variability (Paredes and Guevara, 2000; Paredes et al., 2014) . This climatological feature favors the occurrence of prolonged droughts whose impacts can negatively affect the agricultural and electrical sectors (Easterling et al., 2000; Blunden and Arndt, 2015) . For instance, the rainfall deficit during 2010 (Millano and Paredes, 2013) and 2015 revealed that the hydropower and agriculture sectors are highly sensitive to extreme drought conditions in Venezuela (Grimm and Tedeschi, 2009 ); consequently, rainfall measurement and monitoring play an important role in rainfall-linked risk management.
Rainfall monitoring is of remarkable importance for drought-prone and flood-prone regions (Xie and Arkin, 1997; Kogan, 1998; Hong et al., 2007) . Therefore, there is an increasing need for accurate rainfall-based products for different applications, such as agricultural monitoring and water resources management in remote areas (Boken et al., 2005; Toté et al., 2015) . In Venezuela, conventional rain gauges have been the main source of rainfall data (Paredes and Guevara, 2010) . However, most of the rain gauge networks currently available are inadequate to produce reliable rainfall analysis, largely due to their scarce spatial coverage, the high-proportion of missing data, and short-length records (Guenni et al., 2008; Vila et al., 2009; Rozante et al., 2010) .
Satellite-based rainfall estimates may provide plentiful information with spatio-temporal high-resolution over widespread regions where conventional rainfall data are scarce or absent (Su et al., 2008; Li et al., 2010) . However, these estimates have several limitations (e.g., significant uncertainty), because none of the satellite sensors detect rainfall as such and the relationship between observations and precipitation is based on one or several proxy variables (Wu et al., 2012; Toté et al., 2015) .
Algorithms to estimate rainfall from satellite observations are based either on thermal infrared (TIR) bands (from which cloud-top temperature can be inferred), or on passive microwave (PMW) sensors. The TIR-based approach takes into account the cold cloud duration (CCD), which is the time interval that a temperature pixel is below a certain threshold. This technique assumes that rainfall and CCD are linearly correlated (Kidd et al., 2003; Joyce et al., 2004) . The PMW-based approach takes advantage of the fact that microwaves can penetrate clouds to explore their internal properties through the interaction of raindrops with the radiation field. In fact, the pattern of absorption/scattering of incident radiation provides information about atmospheric liquid water content and rainfall intensity (Kummerow et al., 2001) .
Several studies show that TIR-based rainfall estimates may have a large uncertainty when some types of cold or warm clouds are present. This is the case of cirrus clouds, which are frequently confused with convective clouds such as cumulonimbus that have similar brightness; only cumulonimbus may produce rain (Grimes, 2008; Thiemig et al., 2013) . Similarly, the PM-based rainfall estimates have a marked bias in the presence of warm orographic rains, and of very cold surfaces like those found in mountain-tops covered by ice, which can be interpreted as precipitation (Toté et al., 2015) . In general, PMW-based algorithms show better performance than TIR-based techniques for instantaneous rain over well-defined geographic regions while for estimates, over longer periods, the TIR outperforms PMW algorithms (Kidd, 2001) . To deal with these technical limitations, the more recent satellite-based rainfall products combine multiple data sources as TIR/PMW-based rainfall data sets coupled with in situ precipitation observations and/ or numerical model rainfall fields in order to improve the accuracy of these products (Joyce et al., 2004) . TIR-PMW combined rainfall products from satellites are the latest in the series of rain products that have evolved over four decades.
At present, there is a wide variety of satellite-based rainfall products derived from multiple data sources. Climate Hazards Group InfraRed Precipitation with Stations (CHIRPS) is a relatively new rainfall product with high temporal and spatial resolution, and is based on multiple data sources. The CHIRPS product was developed by the U.S. Geological Survey Earth Resources Observation and Science Center in association with the Santa Barbara Climate Hazards Group at the University of California.
The CHIRPS product requires two steps for its operational production: (i) Pentadal rainfall estimates (five-day rainfall) are created from Cold Cloud Duration-based satellite data, which are obtained from regression models, and calibrated by using TMPA 3B42 pentadal precipitation; these estimates are expressed as a percentage of normal precipitation by dividing the estimated values for regression models by their long-term averages (this outcome is named CHIRP). (ii) In-situ observations from stations are blended with the CHIRP data in order to produce CHIRPS (Toté et al., 2015) .
Monthly precipitation climatology used in the first step (named CHPclim) is obtained from the Agromet Group of the Food and Agriculture Organization of the United Nations (FAO) and the Global Historical Climate Network (GHCN); both are re-sampled to a common 0.05º grid by applying a moving window regression at local level and by considering several predictors drawn from the satellite fields and elevation and slope. The CHIRPS station stream processing incorporates data from public data streams (such as the GHCN monthly, GHCN daily, among others), and several private archives. The CHIRPS station blending procedure is a modified inverse-distance weighting algorithm. At this point, the CHIRP defines a local de-correlation distance, which is the distance where the estimated point-to-point correlation is zero. To generate these values, time series of CHIRP data are used to calculate the average correlation at a distance of 1.5º for each grid cell. This correlation combined with the assumption that the expected correlation is 1 when distance is 0, allows for estimation of a de-correlation slope, which is used in turn to estimate the zero-correlation distance. The correlation structure evolves in space and time tending to be stronger in areas of heavy well-organized convection (Funk et al., 2014) The satellite-based rainfall estimates adjustment vs. rain gauge observations can increase the accuracy of estimated rainfall values. This operational procedure requires a rain gauge network with an appropriate spatial coverage and records of high quality to perform an adequate calibration and validation (Ebert et al., 2007) . The assessment of satellite-based rainfall data is a key aspect; several performance indexes support the choice of most adequate rainfall-based products for certain applications; e.g., drought early warning, environmental monitoring or flood forecasting (Sorooshian et al., 2000) . Most validation studies have been carried out in the African Sahel (Laurent et al., 1998; Nicholson et al., 2003) , southeastern Africa (Toté et al., 2015) , Brazil (Negri et al., 2002; Franchito et al., 2009) , and Colombia (Dinku et al., 2010) , among others countries. Despite its great potential for large-scale environmental monitoring, the CHIRPS product reliability has not been analyzed in detail in the case of the Venezuelan territory.
The aim of this article is to evaluate satellite-derived monthly rainfall estimates from the CHIRPS product for Venezuela, by comparing the CHIRPSbased rainfall estimates against rain gauge observations supplied by the Venezuelan meteorological and hydrological institute. The rainfall estimates for different rainfall categories and their variations within a temporal and spatial context is emphasized in this study. The CHIRPS product was chosen for its high spatial and temporal resolution and its free access. Specific questions are addressed here as to how the CHIRPS-based rainfall estimates can be compared to the gauge data for different rainfall categories, over the seasonal and spatial context. This article is organized as follows: section 2 gives a short description of the study area; the data sets used are briefly described in section 3; the more relevant statistical methods are detailed in section 4; and section 5 comprises a discussion of the more notable results. Finally, conclusions are summarized in section 6.
Study area
Venezuela is located between 73-60º W, 1-12º N with a tropical climate characterized by a warm and hot rainy season from April to September and a relatively cool and dry season from October to March. Annual mean rainfall varies from north to south and from the Caribbean coast to the highlands due mainly to orographic factors, which induce a spatial pattern with a wetter region in the southeast and a semiarid region along the northwest coast (Pulwarty et al., 1992; Peterson and Haug, 2006) .
The synoptic-scale weather system over most of the country is controlled by the Intertropical Convergence Zone (ITCZ), except for the production of rainfall along the Venezuelan coastal region, which is influenced primarily by the tropical disturbances occurring off the coast of northwestern Africa. Furthermore, subtropical fronts and tropical temperate troughs may favor the occurrence of heavy inland rainfall at any time of the year (Pulwarty et al., 1992; Lyon, 2003; Guenni et al., 2008) .
The rainfall regime can be affected by El Niño-Southern Oscillation (ENSO). Generally, the cool phase of ENSO is linked to wetter conditions above the average, whereas the warm phase of ENSO is related to drought conditions (Acevedo et al., 2001; Paredes and Guevara, 2010; Pérez, 2012; Peñalo-za-Murillo, 2014 (Chapman, 2000) . The monthly rainfall time series with more than 20% missing data were also omitted. A number of 154 stations were selected with these criterions whose monthly rainfall time series covered the period form 1981-2007 ( Fig. 1 , Table I ).
The percentage of missing data per station and month varied between 0 and 17.60% with an average of 11.44%. The mean distance to the coastline is 134 km, and stations are located, on average, at an elevation of 478 masl. Table I lists the natural region where each station is located: coast plains and islands (11%), Guayana (8%), plains (25%) and high-mountains (56%). These natural regions have been defined based on the main climate and topographic features among biophysical and other factors given by the Venezuelan Ministry of Environment and Natural Resources (available online at http://tapiquen-sig. jimdo.com).
CHIRPS-based rainfall data
The CHIRPS v.2 dataset, a satellite-based monthly rainfall product (available online at http://chg.geog. ucsb.edu/data/chirps/), was used. The main data sources used in the creation of CHIRPS were: (i) pentadal precipitation climatology at grid scale (six pentads per month); (ii) quasi-global geostationary thermal infrared (IR) satellite observations from the Climate Prediction Center (CPC) and the National Climatic Data Center (NCDC) (B1 IR); (iii) the Tropical Rainfall Measuring Mission (TRMM) 3B42 product from NASA; (iv) atmospheric model rainfall fields from the NOAA Climate Forecast System (CFSv2); and (v) in situ precipitation observations obtained from a variety of sources including national and regional meteorological services. All the data sources were compiled as five-day rainfall accumulations (Funk et al., 2014) .
Pentadal rainfall estimates created from the satellite data, based on CCD regression models were calibrated with the TRMM 3B42 product. These pentads were then expressed as a percentage of normal by dividing the estimated values by the long-term infrared-based precipitation averages (i.e., 1981-2012), known as CHIRP. Next, stations were blended with the CHIRP data to produce CHIRPS (Toté et al., 2015) . The CHIPRS product, with a spatial resolution of 0.05º (about 5.3 km) and a quasi-global coverage of 50º S-50º N, 180º E-180º W, is available from 1981 to near present at pentadal, decadal, and monthly temporal resolution (Funk et al., 2014) .
The CHIRPS product was used with monthly aggregation for the period 1981-2007, which overlaps the period of ground-based rainfall data. The monthly scale was chosen because it is adequate for drought monitoring based on drought indices such as the Standardized Precipitation Index (Seiler et al., 2002; Paredes et al., 2015) and environmental monitoring (Lovett et al., 2007) .
Methods

Generation of the validation dataset
To produce the CHIRPS v.2 product several stations should be blended with the CHIRP data. The number of stations that the CHIRPS team uses in the blended phase vary in time because these observations come from a variety of sources such as the Global Surface Summary of the Day (GSOD) dataset provided by the NCDC, WMO´s Global Telecommunication System (GTS) daily archive provided by NOAA CPC, and the national and regional meteorological services, among other sources. These stations are known as anchor-stations and have been chosen for their high-quality observations (Funk et al., 2014; Fig. 1) .
Approximately 43% of the selected stations have been used as anchor-stations at least once in the study area between 1981 and 2007 ( Fig. 1 ; Table I ). All selected stations were used here to validate the overlapping period . The location points of 155 rain gauges were transformed into polygons with 5-km diameter. These polygons were rasterized considering the projection system and resolution of the CHIRPS v.2 product (EPSG 4326 and 0.05º, respectively). Finally, the monthly satellite estimates for each site and month were extracted throughout the analyzed period.
Performance measures based on numerical metrics
In the present study, five numerical metrics were used. These metrics are based on a pair-wise comparison to evaluate the performance of the monthly CHIRPS v.2 product, which estimates the amount of rainfall on each rain gauge listed in Table I as follows: Pearson correlation coefficient (r), mean error (ME), relative mean absolute error (RMAE), Nash-Sutcliffe efficiency coefficient (Eff), and percent bias (PB). These metrics are summarized in Table II . Pearson coefficient measures the linear relationship strength between estimations and observations, varying from -1 to 1 with a perfect positive correlation being 1. ME and RMAE provide information on the error estimation and the average magnitude of error estimations, respectively. ME can take any negative or positive value [mm.month -1 ] while RMAE acquires only positive values. Both have a perfect score of 0. Eff quantifies rainfall estimations accuracy in relation to the rainfall observations mean, varying from minus infinity to one with a perfect score equal to 1 (McCuen et al., 2006) . PB measures the average tendency of estimated values, which can either be larger or smaller than their observed ones, with an optimal value of 0. RMAE and Eff are non-dimensional while PB has units in percentage (Oreskes et al., 1994; Gleckler et al., 2008) . For drought monitoring and hydrological purposes, ME and RMAE values close to 0 and Eff values close to 1 are required along with high values of r in order to minimize both overestimation and underestimation of rainfall amounts (Toté et al., 2015) . 
Relative mean absolute error 
Performance measures based on categorical metrics
Six categorical metrics were used in assessing the monthly CHIRPS v.2 product performance for detection of rainfall events on each rain gauge (listed in Table I ). These metrics were derived from a contingency table (not shown here) in which letters A, B, C, and D represent, respectively, hits (events forecast to occur which did occur), false alarms (events forecast to occur, but did not occur), missing (events forecast not to occur, but did occur), and correct negatives (event forecast not to occur, and did not occur) with a rainfall threshold of 5 mm (Toté et al., 2015) . These metrics are summarized in Table III . The probability of detection (POD) and the false alarm ratio (FAR) indicate the fraction of observed events that were correctly forecasted and the fraction of the predicted events that did not occur, respectively. The equitable threat score (ETS) measures the fraction of observed and/or forecast events that were correctly predicted, adjusted for hits associated with random chance. The Hansen and Kuipers discriminant (HK) shows how well the CHIRPS-based rainfall estimates discriminate between rain and no-rain events. The Heidke Skill Score (HSS) measures the accuracy of estimates accounting for matches due to random chance. The frequency bias (FB) reveals systematic differences between rain events frequency in gauge observations and CHIRPS-based rainfall estimates. POD and FAR vary from 0 to 1; ETS varies from 1/3 to 1; HK and HSS vary from -1 to 1; and FB varies from -∞ to 1. The perfect score for these metrics is 1, except for FAR, which is 0 (Casati et al., 2008; Brill, 2009 ). For drought monitoring and hydrological purposes, values of FAR and FB close to 0 with ETS and HSS close to 1 are required in order to maximize the detection of rainfall events (Toté et al., 2015) .
Identification of spatial patterns based on performance measures
The results from performance measures were split into categorical and numerical classes; two numerical matrices (154 × 5 and 154 × 6 equivalents to stations per metrics) were created subsequently. In order to examine spatial patterns in the performance of CHIRPS-based rainfall estimates, a nonhierarchical cluster analysis, derived from the k-means method, was applied to these numerical matrices (Everitt et al., 2002) . Cluster analysis is a multivariate exploratory data analysis tool used for clustering data into groups using a criterion of similarity (e.g., the Euclidean distance). It has been used as an unsupervised classification technique for verification of precipitation fields derived from numerical models (Marzban and Sandgathe, 2006; Gilleland et al., 2009) . In this study, cluster analysis (CA) was used to identify similar stations according to their categorical and numerical performance measures. Figure 2 shows rain gauge observations and CHIRPSbased rainfall estimates at monthly scale for the period 1981-2007 . Note that the CHIRPS v.2 product exhibits an overestimation of low rainfall values and an underestimation of high values. These features are also evident in their respective cumulative density plots (Fig. 3) . In general, Figures 2 and 3 between 0 and about 200 mm/month, whereas for values outside this range the amount of rainfall tends to be underestimated by the CHIRPS v.2 product. One implication of this result is that low rainfall estimates could mask drought conditions (particularly absent rainfall), which is a feature highly unfavorable in drought-prone regions (e.g., the Caroni river hydropower reservoirs system). Table IV summarizes performance metrics considering all stations listed in Table I . In general, ME indicates that the CHIRPS v.2 product tends to overestimate rainfall with positive mean errors, which is consistent with the small values of RMAE and PB. On the other hand, the r and Eff metrics are moderately high, suggesting an adequate correspondence between observed and estimated rainfall values. In terms of detection of rainfall events, the CHIRPS v.2 product shows low values of POD, ETS, HK and HSS, and moderately high values of FAR and FB (Table IV) , revealing deficient performance. These results warn that the detection of a rainfall event based on the CHIRPS v.2 product is associated to high uncertainty.
Results and discussion
Overall performance measures
In general, the results from Table IV suggest that CHIRPS-based rainfall estimates might be useful for flood monitoring, but deficient for drought monitoring in the study area. The number of anchor stations used in the creation of CHIRPS in time could help to explain this discrepancy. For example, Figure 4 shows that for the period 1981-1987, between 48 and 68 anchor-stations were used; for the period 1988-1996, between 23 and 54 anchors-stations were used; and for the period 1997-2007, a maximum of 22 anchor-stations were used in the study area. The gradual decrease in number of ground-based observations might have affected the correction stage of the CHIRPS v.2 product, which is reflected as rainfall estimates with low-accuracy (Toté et al., 2015) . 
Performance measures per rainfall category
In examining the variability of the measurement performance, according to the observed rainfall amount, all metrics listed in Table IV were Figure 5 displays these results. On the whole, higher RMAE, lower Eff, and higher PB can be seen in this figure for low rainfall observations, situation similar and consistent with the inferences made from Figures 2 and 3 . Also, it can be noted that rainfall observations less than 100 mm show negative ME values; this means a large overestimation.
The above results support the hypothesis proposed in the previous sections that rainfall estimates from CHIRPS v.2 could be inadequate for drought monitoring applications, although they are suitable for flood monitoring applications given that uncertainty tends to decrease for high rainfall observations.
Performance measures in the temporal domain
To zoom in on the performance features of the CHIRPS v.2 rainfall product, this section will focus on the numerical and categorical metrics in the seasonal context. Figure 6 provides the values of the numerical metrics by month for the period . A difference between the dry and rainy season is evident. During the dry season (October-March), r is lower (mean = 0.653), RMAE is worse (mean = 0.538), and Eff is lower (mean = 0.397). In contrast, for the rainy season (April-September), most metrics perform better. In fact, the correspondence between rainfall estimates and station observations is higher (based on r, mean = 0.791), RMAE is lower (mean = 0.363), and Eff is higher (mean = 0.607).
Note that the PB shows an interesting feature in Figure 6 . During the rainy season this metric discloses a widespread overestimation with two peaks on May and July (12.2 and 8.9%, respectively). The dry season exhibits an abrupt shift between January and February that the ME metric also depicts. This means that CHIRPS-based rainfall estimates tend to be underestimated throughout January and February, coinciding with the driest period in Venezuela, when high-intensity and spatially isolated convective storms of short duration are frequent, particularly in the plains region (Pulwarty et al., 1992; Sanso and Guenni, 1999) . Figure 7 summarizes categorical performance metrics for both seasons. In general, the detection of rainfall events shows its best performance during the dry season (October-March), with higher POD and ETS and lower FAR. Also, note that the CHIRPS v.2 product obtains the highest values of POD and ETS and the lowest ones for FAR from January to March, when rainfall events, linked to the activity of the ITCZ are uncommon in the study area (Williams et al., 2005) .
Results from this analysis suggest that the ability to discriminate rainfall events and non-rainfall events from the CHIRPS v.2 product is very deficient; in particular, when the rainy season is taken into account. Therefore, this product cannot be seen as a reliable tool for drought monitoring based on the wet season onset. Toté et al. (2015) suggested that the uncertainty of this product is caused largely by its dependency on 0.25º TRMM training data, which may contribute to its tendency to over-predict in view of the fact that averaging over larger areas increases the frequency of rainfall events. To overcome this limitation, drought indices based on cumulative rainfall in time (such as the Standardized Precipitation Index, which can use a wide range of time scale) could be used (Seiler et al., 2002; Paredes et al., 2015) .
Performance measures in the spatial domain
In order to examine spatial patterns in the performance of CHIRPS-derived rainfall estimates, the performance metrics from each rain gauge shown in Table I were partitioned into numerical and categorical metrics. Next, a cluster analysis was applied to both matrices to identify homogeneous stations according to the similarity of performance metrics. Two clusters were identified for both groups. For comparison purposes, the numerical and categorical performance metrics for each cluster were assessed through boxplots. Figure 9a displays the spatial distribution of the clustered stations. For all numerical metrics, the C1 cluster shows the worse performance. Note that the stations that belong to the C1 cluster are mainly concentrated in the northwest region of Venezuela and Margarita Island. Furthermore, most of the stations clustered in C1 are located in the leeward part of the Andes (Figs. 1 and 9a ). This feature is interesting because it is well known that these mountains induce prevailing dry climate in several regions of South America (Giovannettone and Barros, 2009) . In this latter region, orientation and topographic features facilitate the blocking of the east trade winds and their channeling off this region. Thus, most rainfall events are induced by an isolated convective activity (Insel et al., 2010) . At the same time, unlike the rest of the country where a unimodal pattern is dominant, the rainfall regime in this region shows a bimodal pattern (Pulwarty et al., 1992) . In contrast, the stations clustered in C2 are largely located in flat open areas where there Fig. 8 . Numerical performance metrics grouped by cluster. Clustered stations are statistically different at the 95% confidence level for r, RMAE, Eff and elevation (based on the Welch two sample test applied to each numerical metric). Eff and r, as non-dimensional fraction; ME and RMAE in mm; PB in percentage; elevation in masl. is a prevalence of convective rainfall driven by the location and activity of the ITCZ and other tropical disturbances (Sanso and Guenni, 2000) . A factor less evident that could influence the numerical performance of the CHIRPS product is the station distances in relation to coastline (not shown in Fig. 8 ). In fact, the results highlight the importance of this factor in Margarita Island (north of the western coastline; see Fig. 1 ), where the stations near the coastline show a better numerical performance than those located more inland (statistic evidence at the 95% confidence level). Figure 10 shows a comparison between categorical metrics, while Figure 9b displays the spatial distribution of the clustered stations. For all numerical metrics, the C1 cluster shows the best performance. The contrast found in Fig. 9 indicates that most stations clustered in C2 during the validation procedure based on numerical metrics, show poor performance in the detection of rainfall events (also clustered in C2). These results suggest that the CHIRPS v.2 product tends to show best overall performance in flat open regions. This hypothesis is consistent with the one found by Toté et al. (2015) for Mozambique, which is a tropical country whose topographic features are similar to those of Venezuela. In addition, previous studies have shown that the accuracy of high-resolution satellite rainfall products tends to decrease over complex terrains (Vicente et al., 2002; Dinku et al., 2008 Dinku et al., , 2011 .
Conclusions
The satellite-based rainfall dataset derived from the CHIRPS v.2 product was analyzed against a rain gauge dataset provided largely by the Instituto Nacional de Meteorología e Hidrología of Venezuela. The CHIRPS v.2 product has a high spatial and temporal resolution which makes it potentially useful for drought and flood monitoring. Rain gauges in Venezuela are sparse, poorly distributed, and often have a high percentage of gaps in their observations. On the other hand, satellite rainfall estimates have random errors and bias due to the indirect relation between observations and precipitation, along with inadequate sampling and algorithm imperfections (Toté et al., 2015) . In this study, the analyses were focused on numerical indicators for evaluating the performance of the CHIRPS v.2 product to estimate the amount of rainfall, and categorical indicators to assess its rain-detection capabilities.
Overall, the CHIRPS v.2 product shows an overestimation of lower monthly rainfall values and an underestimation of higher values (≥ 100 mm/month). The coherence between rainfall estimates and station observations is moderately high along the rainy season, but shows a marked underestimation during the driest period, in particular from January to February. Due to its tendency to misclassify rainfall events, especially along the rainy season, the CHIRPS v.2 product has a low skill of rain detection. This high uncertainty in rain detection indicates that it should not be used for drought monitoring in Venezuela; however, this limitation can be partially overcome by using drought indices such as the Standardized Precipitation Index, which is based on cumulative rainfall instead of the presence or non-presence of precipitation.
Estimates of rainfall were also analyzed under a spatial context. Our results indicate that the CHIRPS v.2 product tends to show best performance in flat open regions (e.g., Los Llanos), where the synoptic-scale weather system is mainly dominated by ITCZ activity and local convective systems.
As a whole, the CHIRPS v.2 product may show an acceptable performance when it is used for hydrological applications based on monthly rainfall amounts (e.g., reservoir systems monitoring), but caution must be taken when trying to identify the onset of rainfall for agricultural purposes (e.g., irrigation management in drought-prone regions).
